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Removing Parameter Invariance to Accelerate Convergence

BALORA IN A NUTSHELL THEORETICAL ANALYSIS OF THE CONDITIONING EXPERIMENTS WITH SYNTHETIC DATA

We propose a theoretically-grounded variant of LoRA that converges faster (A}, B, (A, B,)) =
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Model 1:  f(A,B) = —||Z — ABH% (1-layer linear NN) i
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J(A,B) = EIIZ—ABH%
® The LoRA loss f(A, B) has a continuous manifold of optimizers

Proposition: for any minimizer (A, B),

® Balanced minimizers A'A = BB' are optimally conditioned One layer Two layers
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CONDITIONING OF MINIMIZERS AND ASYMPTOTIC CONVERGENCE RATE After each optimizer step, enforce balancing of (4,B)  while preserving f(4, B) g & OLokA
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/' well-conditioned X ill-conditioned / negligible computational overhead S " ® Balanced methods
v/ equivalent to a Riemannian GD on the product X = AB A 2 outperform the others
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k controls the asymptotic CV rate for GD and sign-GD (Adam without momentum) 2.7
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